A study has been made to optimise the influential parameters of surface lapping process. Lapping time, lapping speed, downward pressure, and charging pressure were chosen from the preliminary studies as parameters to determine process performances in terms of material removal, lap width, and clamp force. The desirability functions of the-nominal-the-best were used to compromise multiple responses into the overall desirability function level or D response. The conventional modified simplex or Nelder-Mead simplex method and the interactive desirability function are performed to optimise online the parameter levels in order to maximise the D response. In order to determine the lapping process parameters effectively, this research then applies two powerful artificial intelligence optimisation mechanisms from harmony search and firefly algorithms. The recommended condition of (lapping time, lapping speed, downward pressure, and charging pressure) at (33, 35, 6 .0, and 5.0) has been verified by performing confirmation experiments. It showed that the D response level increased to 0.96. When compared with the current operating condition, there is a decrease of the material removal and lap width with the improved process performance indices of 2.01 and 1.14, respectively. Similarly, there is an increase of the clamp force with the improved process performance index of 1.58.
Introduction
The hard disk drive (HDD) precision components mainly consist of magnetic, mechanical, electromechanical, and electronic components. A built-in hard drive of a disk clamp on the spindle motor hub assembly is one of important mechanical components in the HDD. The surface quality of the disk clamp in contact with the disk needs to concentrate via a surface lapping process. It is the precision finishing process with the different mechanical arrangement where a material is precisely removed from a work piece or a specimen. It aims to produce a desired dimensional accuracy and flatness, very fine surface finish, or shape with minimal level of subsurface damage [1] . Lapping is an operation of slow material removal [2] . It aims to decrease the original surface roughness with preset levels of removed material and modified shape. A process of lapping has been applied to a wide range of materials and applications, ranging between metals, glass, optics, semiconductors, and ceramics [3] . In lapping operations the machining methods can be practically categorised into cylindrical lapping between laps, lapping with bonded abrasives and single and double side flat lapping types.
With the rapid development of the HDD industries there is consequently a need for enhancing all related performance measures of lapping operations. It is more challenging to achieve better surface quality of disk clamps with high manufacturing efficiency. In order to successfully control the process, it is important to analyse all the influential parameters and determine their proper levels in manufacturing processes. Many studies have been performed on various methods of automatic optimisation based on surface lapping process parameters. Response surface methodology (RSM) was widely used to determine and predict the optimal parameter levels for the maximal improvement of the surface roughness for the cylindrical lapping of fine ceramics [4] . This cylindrical lapping was characterised and optimised because it was time consuming and very complicated. Other powerful tools for designing high quality systems were based on Taguchi designs and analyses [5, 6] . When optimising performance, quality and cost Taguchi's strategy was simple, efficient and systematic. The smaller-the-better quality characteristic was used to determine minimal surface roughness when lapping ceramic blocks. The influential lapping parameter was the abrasive size [7] . The experimental design and analysis including the regression were conducted on a study on surface roughness and material removal rate of D2 steel lapping with a polymer-coated plate. From an investigation the effects and optimal levels of process parameters were lapping time, lapping rotation speed, applied load, and abrasive particle size [8] .
Surface Lapping Process (SLP)
One of the best known and most widely used machining systems for manufacturing the desired dimension of engineering parts is a single side lapping process. There are some advantages for this type of the lapping process. During machining many work pieces can be simultaneously carried out. The system for holding work is not complicated. It provides consistent cut rates and close accuracies. All machines used in the single side lapping process have a rotating annular-sharped lap plate. Work pieces or disk clamps are positioned on the flat rotating wheel as shown in Figure 1 . Lapping mainly includes lapping plate and fluid including the conditioning ring [3] . Operational steps of the lapping process are followed. Firstly, parts or disk clamps are loaded into carriers. The plastic retaining ring and neoprene are then placed to control the parts at the right controlled area. A flat aluminum plate is placed on top of neoprene to protect the work pieces from the pressure plate via a suction cup. Retaining ring slides onto a lapping plate to actuate the pressure plate down. Parts are lapped and coolants are used as lubricants. The process simultaneously applies the downward pressure on a disk, charging pressure of Al 2 O 3 , speed up the lapping plate and lapping time. The parts are finally unloaded to clean and dry.
Some important functions and features of SLP components are briefly explained as follows. Lapping plates are made of cubic boron nitride or CBN with the size of 20 m and hexagonal tiles of 92% minimal coverage. The types of the lapping fluid and the conditioning plate are the cutting fluid Alpha-2 and Al 2 O 3 with the grit size number 220, respectively. A human-made synthetic abrasive of CBN is commonly known as borazon TM CBN. It performs well to ferrous metal without carbonisation when interacting with Fe (iron) during a lapping operation of 52100 bearing steel, cast iron, die steel, tool steel, super alloys, and some cases of ceramic materials [3] . Lapping fluid provides an important carrier characteristic in forms of an oil or aqueous medium in various viscosities when abrasive grains are transported to the lapping operation zone. An aim is to achieve a continuous distribution across the lapping plate. The liquid carrier is applied to lubricate two surfaces to achieve the friction reduction between the abrasive and the work piece [3] . It helps to distribute the abrasive product across the lapping plate and finally to remove the abraded debris from the lapping operation zone. The structure of a conditioning plate of a fused crystalline abrasive of Mohs 9 under silicon carbide has very hard crystal to fracture [3] . On lapping operations it is best suited for applying the pressure to break down the crystals.
In this research, the surface lapping process is used to produce dimensionally accurate specimens or the disk clamps to high tolerances. The lapping plate will rotate at the low levels of speed, approximately less than 80 rpm, and the middle range of abrasive particles of 5-20 m. With the preferable levels of reliability and produced work pieces lifetime, the material removal of work pieces including a lap width and a desired clamp force are SLP responses to compromise process and customer specifications within their lower and upper levels. Under the current operating condition, the mean, standard deviation and an overall process performance index (Ppk) of all responses of material removal, surface lap width, and clamp force have unsatisfactory levels when compared to the target (Table 1) .
In order to satisfy the customers and get the higher levels of benefit, the investigation and improvement for this process is carried out. The sequential experiments of completely randomised design and the two-level factorial design were applied in a preliminary study to determine the influential parameters via all actual responses. Lapping processes have a large number of parameters that can be varied in order to obtain the desired process responses. The lapping process is influenced by lapping pressure, lapping speed, material of the lapping plate, lapping time, grain size of the abrasive, type of lapping fluid, flow rate, and the number of work pieces. It is almost impossible to vary all the parameters that influence the lapping process; one solution is to limit the number of variables. The desirability function approach in the case of the-nominal-the-best was used to compromise the multiple responses of material removal, lap width, and clamp force into single response in forms of the composite desirability function level or . The modified simplex method was implemented online to drive the process achieving the optimal condition. When there was no improvement from the modified simplex method, an interactive desirability function model was also applied to obtain the satisfactory compromise of the conflict responses instead of the original massive contraction. Artificial intelligence mechanisms of the harmony search and firefly algorithms were generated in each design point of the simplex to search for the better representative. Its aim was to converge to the optimum quickly based on the maximal levels.
Interactive Modified Simplex Method (IMSM) with Desirability Function and Artificial Intelligence Mechanisms
Design and analysis of experiments (DOE) is determined as a sequential, structured, and efficient framework for planning experiments and then describing the relationship between influential parameters affecting a process or product and its output or response(s) in any experimental context. Practically, one or several parameters at two or more levels will be varied by experimenters and the aim is to observe the effect of the changes on one or multiple responses. A frequent phenomenon of this interaction between parameters is taken into account. There is a theoretical argument that the minimal number of trials for finding this relationship is just one more than the number of parameters, that is, a simplex design. On both single and multiple responses, the sequential procedures based on the simplex designs involve changing all parameters from one experiment to the next. The preferable level for one of them can depend on other parameter levels. However, some trials deteriorate the process yield or the composite desirability function level for the multiple response surface optimisation. Various methods have been proposed to solve a large number of optimisation problems and some are considered as NP-complete problems or noisy problems. Conventional optimisation methods are useful tools to obtain the global optimum though some methods are unable to solve within satisfactory execute time. These conditions and difficulties have forced to develop alternative methods of artificial intelligence for solving such problems via various rules of randomness or natural phenomena such as natural biological evolutionary process or the social behavior of species. Artificial intelligence methods came to the fore and show great efficiency when solving problems. Artificial intelligence methods are commonly categorised into two types of a local and population based methods when searching for the global optimal solution [9, 10] . These mechanisms including an interactive desirability function model have been proposed to prevent the mature convergence of the process parameters.
Desirability Function Approach (DFA).
In robust designed experiments there is a use of measurements on a set of design points with various responses [11] . Instead of optimising each response separately, settings for the influential parameters sought to satisfy all of the responses at once. Multiple response surface optimisation is then used to determine optimal levels of process or product parameters with low variation of responses [12] . There are some transformation scenarios to deal with multiple responses. One among the most frequently used multiple response optimisation strategies in practice is a desirability function approach or DFA which was originally developed by Harrington and modified to be more flexible by Derringer and Suich. It is a scale invariant index or a single compromise function from multiple responses to enable to compare quality characteristics with various units. The DFA basic idea involves transformation of a multiple response problem into a single response problem, by using proper mathematical transformations, to simultaneously optimise those multiple responses. The DFA introduces, for each estimated response determined by the vector of process parameters, a desirability function of (̂) with feasible levels between zero and one where the desirability level of one represents the closeness of a response to its most desirable level. If the th response falls within the unacceptable levels the desirability level turns to zero. When a response lies within the tolerance levels but not the ideal levels, the desirability level lies between 0 and 1. There are two cases of one-sided and two-sided desirability transformations when each estimated response of̂is transformed to (̂).
According to the responses' characteristics there are three forms of the desirability function which consist of the maximisation or the larger-the-best or the minimisation or the smaller-the-best and the optimisation around a target or the-nominal-the-best. For the larger-the-best the response level is expected to the larger the best. When the response 
For the smaller-the-best the response level is expected to be the smaller-the-best. When the response level is less than a preset criteria level, the desirability function level is equal to 1. In contrast if the response level excesses a preset criteria level, the desirability function level equals 0, where the smaller-the-best is equivalent to the maximisation of −̂. For the-nominal-the-best the response level is required to achieve a particular target. When the response level equals the target, the desirability function level equals 1. When there is a departure of the response level over a particular target range, the desirability function level equals 0. The desirability function of the-nominal-the-best can be written as follows and the associated effects of the weights are also included in Table 2 :
According to the requirement of the user the shape of (̂) is determined via the power coefficients of PM , PT1 , and PT2 . With the linear shape PT1 or PT2 equals one. With a convex PT1 or PT2 is larger than 1 and with a concave PT1 or PT2 is less than 1. For the-nominal-the-best, if MIN equals MAX on (2), a triangular desirability function will be applied instead of the trapezoidal function [13] . When each of the responses of interest is defined as the desirability function levels, an overall assessment of all the desirability functions in forms of the geometric mean of the desirability function levels or is followed:
or the composite desirability function level provides a mean level less than or equal to the lowest individual optimisation desirability level. will increase as the balance of the properties is more favourable regardless of the values taken on by other responses [14] . The objective is to maximise . When the level is different from zero it is implied that all responses are simultaneously in a desirable level. Consequently, for the level close to 1, it is implied that the combination of the different criteria is globally optima or the response levels are simultaneously near the target values.
Interactive Desirability Function Approach (IDFA).
A decision maker (DM) determines this combined dimensionless desirability function for constructing the sequential optimisation procedures. With this potential effectiveness for compromising all responses various works attempt to solve multiple response surface optimisation problems in an interactive manner via a DM's preference parameters such as the shape, bound, and target of a desirability function in both single and integrated frameworks. In the progressive preference or interactive method the DM can progressively articulate the preference information while solving the problem in forms of interactive desirability function approach (IDFA). For sequential procedures of the IDFA it starts from an initialisation phase. The calculation phase is then constituted and followed by the decision-making phase via an optimisation model. During the decision-making phase, the numerical results of the calculation phase are evaluated and articulated the preference information by the DM [13] . The DM can adjust the shape, bound, or target of a desirability function on either tightening or relaxation to repeat the calculation procedure until there is the DM satisfaction via the intersection of desirability functions corresponding to actual responses. The modes of tightening and relaxation are applied when the DM makes the unsatisfactory requirements more stringent and the satisfactory requirements less stringent, respectively. In the IDFA the preference parameters such as shape, bound, and target need to be initialised to construct the desirability function in the first iteration. The initial shape is practically set to be linear whereas the initial bound and target depend on the DM's subject judgments or the feasible ranges of the responses. The iteration starts at zero and the response indices of the tightening or relaxation set is set at null. However, for simplicity it is assumed that merely one response can be tightened or relaxed at a time. With an iteration increase, the desirability functions are then constructed and the optimisation model is solved and subject to process parameters ( ) within their lower (LB) and upper (UB) bounds. An objective is to maximise the overall desirability among various aggregation schemes to be employed. For three actual responses, an interactive Mathematical Problems in Engineering 5 desirability function model (IDFM) is then formally defined as
If the current solution is evaluated to reach the optimal compromise solution the IDFA successfully ends. Otherwise, the algorithm moves to adjust the preference parameter in order to improve the unsatisfactory responses. On the DM selection, one of the unsatisfactory responses can be chosen for tightening or one of the satisfactory responses for relaxation. Both tightening and relaxation modes of the selected response can be implemented in the IDFM by adjusting the preference parameters. For the-nominal-thebest the tightening is implemented by making the shape more convex or less concave, by increasing the lower target and/or decreasing the upper target or by increasing the lower bound and/or decreasing the upper bound. The IDFA restarts until the DM is unwilling to tighten or relax any response or no further tradeoff can be made.
Harmony Search Algorithm (HSA).
The HSA, firstly proposed by Lee and Geem, in 2001 , is a population based or socially-based inspiration algorithm. It is derived from the behaviour of musicians when they all improvise their various musical instruments to achieve a perfect state of harmony [15] . In the musical improvisation, the aesthetic quality is conceptually determined via the pitch played by each instrument [16] . Moreover, after practice of musicians the harmony quality can be enhanced for all types of musical instruments. Each musician stores all pitches from a good experience of harmony and for the next time it is possible to have a better level. In all the musicians' memories each musician brings any preferable pitch in the possible range to improvise each other to form a new musically harmony vector. If this leads to the better one when compared to existing harmonies in their memories a new harmony is replaced in their memories. With a controlled number of pitches the worst one is also excluded from their memories. There are three possible rules to improvise for each musician [10] . They are rules of playing any pitch from a musician's memory, playing an adjacent pitch of one pitch from a musician's memory, or randomly playing any pitch from the feasible sound range. This process is repeated until there is a fantastic harmony or the termination criterion is met.
Similarly, the improvisation is analogous to the global search scheme in the HSA. For the optimisation the global optimal solution is determined via the levels of a set of parameters. Each musician can be replaced with each parameter and the harmony is analogous to the response of the problem. With an experience to seek for the optimum, any good solution is stored in each parameter's memory. For the next iteration there is an increase of a possibility to make a good solution. In order to choose one parameter level to improve the response the HSA follows three rules as above. They consist of rules for choosing any one level from the harmony memory (HM) within the specific harmony memory size (HMS), choosing an adjacent level of any one in the HM which is called the pitch adjustment with an arbitrary distance bandwidth (BW), or randomly choosing any level from the possible range which is defined as randomisation. The optimisation via improvisation is associated with a harmony memory considering rate ( HMCR ) and a pitch adjusting rate ( PAR ) parameters. The movement of the th parameter is adjusted to improvise more harmony by the equation of +1 = ± (rand)BW(ITE), where is BW(ITE) = BW MAX EXP( (ln(BW MAX /BW MIN )/ITE)). In the literature for the HSA parameter levels, the BW Max , BW Min , HMS, 
Firefly Algorithm (FA).
Fireflies naturally generate light from a chemical process in light-emitting organs. The light in adult fireflies is evolved to communicate for a sexual selection and to search for potential preys via varied flashing patterns, the flashing rate, and the amount of time of the signal system. At a specific distance from the light source its intensity follows the inverse square law or when there is an increase of the distance the light intensity decreases. Moreover, the light becomes weaker from the air effect when there is a distance increase. These combined factors make most fireflies visible to communicate with each other within a limited distance. Similarly, the flashing light of the successful communication is analogous to the global search scheme in the FA. For the optimisation the global optimal solution is determined via the levels of a set of parameters. The flashing behaviours of fireflies in nature consequently develop the firefly artificial intelligence algorithm (FA) for the global search scheme, firstly developed by Yang [17, 18] . There are some important characteristics in describing the FA as follows. Other fireflies with weaker flashes are attracted by a strong flashing firefly regardless of their sex. That attractiveness is proportional to the brightness and is reversely proportional to the distances. As a result for any two flashing fireflies, the less bright one will move towards the brighter one. If there is no brightness difference, the firefly will move randomly. In the FA, the brightness of a firefly is proportionally determined by the response.
In the FA there are two important issues which are the formulations of brightness and attractiveness. For simplicity, the brightness of a firefly at a particular location or ( ) is analogous to the response of a solution at a particular parameter level or ( ). The attractiveness or by the brightness or the higher response level of a firefly or a specific solution is relative and judged by the other fireflies or other solutions. So the attractiveness function or ( ), whose value decreases with increasing distance between two fireflies, will vary with the distance between th and th fireflies ( ) by any monotonically decreasing functions , where the second term is from the attraction and the third term is the randomisation of movement with being the randomisation parameter and rand is a random number with uniform distribution in the [0, 1] interval or a normal distribution (0, 1). In the dimensions it is possible to use the randomisation term to modify the parameters with significantly different scales. This term is useful to explore the search space with an increased diversity of the solutions. This movement equation is then a fine balance between local intensive exploitation and global exploration.
Sequential Procedures of the Proposed IMSM.
The sequential optimisation method based on simplex designs firstly introduced by Spendley et al. expresses contrary to fundamental factorial designs in some characteristics [19] . This rigid simplex method (RS) is described as an evolutionary method for multiple parameter and interactive optimisation systems. It can find the global optimum with fewer trials via empirical, self-improving, and efficient strategies. The RS is based on geometry of the convex hull with an initial + 1 design points, where is the number of parameters that correspond with dimensions of searching space. Thus, in case of two-parameter optimisation, the simplex design takes the form of a triangle and in case of three parameters, it will be a tetrahedron. After evaluating and ranking the responses from all initial design points, the RS procedure is sequential with a removal of the least favourable response design point from an initial simplex. Continually forming a new simplex, one opposite new design point is determined in the hyperplane of the remaining design points. The RS evolves toward the optimum by simultaneously improving all parameters in every vertex. In order to improve the performance of the RS, many modifications have been proposed. One among them, the Nelder-Mead or modified simplex method (MSM), offers the effectiveness of the rapid convergence by employing an expansion or a contraction operator of the reflection according to quality of the responses including the massive contraction toward the best vertex. For possible stopping criterions Nelder and Mead included the standard deviation of the estimated responses at all the vertices of the simplex and the parameter levels and compared with their specified tolerances [20] . However, in this research there are some modifications applied to the original MSM.
In the IMSM, when focusing on the two-parameter maximisation of the composite desirability function level ( ) or response with a triangle simplex, sequential procedures are given as follows. The simplex design is first applied at either arbitrary design points or previous operating design points within the safe region of operation including the neighbourhood design points from artificial intelligence mechanisms from the HSA and FA (Figure 2 ). All three design points evaluated their own responses and the best will be selected to form a simplex. All selected design points evaluated their composite desirability function levels and are categorised as the vertices corresponding to the highest ( ), second lowest ( ), and lowest ( ) of responses. The lowest response vertex is identified and reflected in the opposite hyperface to obtain the reflected vertex ( ) via the centroid ( ) obtained by all remaining vertices in the simplex. Hence the reflected vertex ( ) may be given by
where is the centroid of the design points on the reflecting line. In general, the reflection coefficient parameter of is greater than 0 and it is the ratio of the distance between − and − and is normally defined to be 1. If the response of lies between the lowest and highest levels, a new simplex is restarted by replacing the vertex with . If the response of produces the highest level from the new simplex, an expansion operation is applied so as to further enhance the response level by expanding the reflected vertex along the direction of − to a new expansion vertex of via the following function:
where the expansion coefficient parameter of is the ratio of the distance between − and − and is normally defined to be larger than 1. If the expansion vertex of produces the highest level of response when compared to responses from others, the new simplex is restarted by replacing with . Otherwise, the simplex is restarted by replacing with . In some situation of the IMSM there is a use of two contraction processes. Firstly, if the reflected vertex of produces the second highest level of the response only with the exception of , a positive contraction process may be made to generate the contracted vertex of using the following equation:
where + is the positive contraction coefficient parameter with the feasible range of [0, 1). If the reflected vertex of produces the lowest level of the response of all design points, the negative contraction process may be made to generate the contracted vertex of using the following equation:
where − is the negative contraction coefficient parameter with the feasible range of [0, 1). It is noticed that these two contraction processes may be achieved within the unfavourable responses for a decision maker. However, in this research there is a use of the IDFA via the IDFM based on all 2( +3) design points instead of the massive contraction or a shrink process to give an additional flexibility. The next run is carried out with parameters set at values corresponding to this new design point. An idea of IMSM's logical decision and its flowchart are shown in Pseudocode 1 and Figure 3. 
Numerical Results and Discussions
The objective of a surface lapping process (SLP) is to remove material with a smooth and flat surface with dimensionally accurate specimens to high tolerance. Various parameters from the SLP can vary from application such as a lapping machine with different levels of speed and lapping plates, workstations for controlling lapping fixtures and the equipment to control the plate flatness. During the preliminary process parameter analyses, the brainstorming activities among all engineers from departments of process, advanced process development, product, tooling, and quality assurance announced eight possible parameters affecting the process responses of interest. They consist of lapping time, lapping speed, lapping pressure, Al 2 O 3 charging pressure, type of lapping plate, aluminum oxide stone grit size, cutting fluid, and the number of experimental specimens per fixture. However, in this research the type of lapping plate, the cutting fluid, the aluminum oxide stone grit size, and the specimens per fixture are controlled with the 20 m lapping plate of cubic boron nitride (CBN) with the hexagonal tiles, the alpha-2 fluid type, the 220 grit size of aluminum oxide stone, and 22 pieces, respectively. The feasible levels, the current operating condition, their possible differences of operation (Δ), and types of all influential parameters of the lapping time ( 1 ), Expand to V E or its
Contract to V CR or its
Contract V R to V CR
Contract to V CL or its
Contract V R to V CL lapping speed ( 2 ), downward pressure ( 3 ), and charging pressure ( 4 ) are shown in Table 3 . The purpose of the problem is to improve the SLP of the disk clamps on three different responses by controlling four parameters. Three major SLP's quality performance measures consist of the material removal ( 1 ), lap width ( 2 ), and clamp force ( 3 ) as shown in Figure 4 . In addition, the material removal is based on the process requirement specification whereas the remaining responses of lap width and clamp force are measured and depend on customer requirement specifications. The process and customer specifications are required to reach the nominal value. Currently, it is found that the process quality characteristics are still quite low at 0.4554 of the composite desirability function level or response. A measure of the sample mean and standard deviation of the initial and finished height is done before and after the lapping process via a free-state height gage from Mitutoyo. The volume removed of materials is then calculated via the multiplication of the sectional area and the mean diameter of specimens. The sample mean and standard Analyses of the test methods and measuring instruments including the entire processes to obtain measurements are considered to determine the uncertainty of our measurement systems. In this research, they were done before performing an improvement of the manufacturing process via % GR&R and / ratio to address the precision of a measurement system and the ratio of the measurement system precision to the total tolerance of the manufacturing process, respectively. From additional tests, the levels of / ratio and % GR&R are within the acceptable ranges as shown in Table 4 .
In screening experiments a completely randomised design or one-way analysis of variance (ANOVA) is used to analyse all process parameters. The past experimental data can summarised the significant parameters categorised by the natural and responses. If value exceeds the 5% preset value of significance level ( ), there is no effect of parameters. In accordance with the experimenter experience, all SLP parameters except 4 are being confirmed for their statistically significant effects on all actual and desirability function responses as appeared in Table 5 . However, in this investigation, the charging pressure affects the lap width and its desirability function as well.
On the IMSM, four SLP parameters have significant effects on all the responses from the preliminary experiments carried out using the available operating conditions of the company. Though the mean and standard deviation of actual responses of material removal, lap width and clamp force including its Ppk indicate a good reproducibility of the current condition of ( 1 , 2 , 3 , and 4 ) at (60, 30, 8.0 and 8.0) The design points of the initial simplex consist of five vertices. In each vertex the additional two design points are also established via metaheuristic mechanisms of the HSA and FA. The corresponding responses in the th vertex and its metaheuristic design points ( HSA and FA ) are determined and the best one will be included in the simplex for the next sequence of the IMSM. The assigned values of the HSA and FA parameters are suggested by the experts of the company and decided by the recommended levels from the literatures. All design points that are carried out according to their corresponding responses are measured in forms of the response. They are categorised in descending orders of , 3 , 2 , 1 , and . The simplex is then moved in the direction given by the rules of the IMSM including reflection, expansion, and contraction vertices including the interactive desirability function model (IDFM). The experimental conditions from the proposed IMSM based on the flowchart for all the vertices and variations of the parameter levels throughout the multiple response surface optimisation are given in Table 6 .
The SLP evolution with four cycles via the IMSM can be described as follows. After ranking all vertices in the initial simplex from the worst vertex with the response of 0.5829 to the best vertex with the response of 0.8729, the worst vertex was reflected to the opposite face. The new vertex ( 6 ) including its neighbourhood design points from the HSA ( 6HSA ) and the FA ( 6FA ) were generated and determine their responses in order to establish the new simplex. During the reflection procedure the experimental domains for all parameters were justified within possible operating levels throughout. When the best reflected vertex was carried out, the response was worse than the remaining vertices. This result indicated that the including its neighbourhood design points from the HSA ( 7HSA ) and the FA ( 7FA ) could be generated to form the new simplex. After determining the best of responses this led to the worst, the first interactive desirability function model (IDFM 1 ) was formulated via all previous design points.
In analysing the experimental data for the IDFM 1 , the goodness-of-fit checking for the regression equation or the model is necessarily required. These model adequacy checking tests categorised by the actual response includes test for significance of the regression model, test for significance on the IDFM 1 coefficients, and test for lack of fit via an analysis of variance or ANOVA (Table 7) . On analyses of the estimated responses of the material removal (̂1), lap width (̂2), and clamp force (̂3) it is recommended that the linear regression models are statistically significant for all responses. The associated values for the models of̂1,̂2, and̂3 in the form of ANOVA are less than 0.05 with the 95% confidence except for 3 for̂3. These express that the linear regression models provide good explanations of the relationship between the process parameters and all types of responses. The response equations are given as follows: 
The actual responses are then transformed into the scale free or desirability function response of the-nominal-thebest for the material removal, lap width, and clamp force denoted as 1 (̂1), 2 (̂2), and 3 (̂3), respectively. It is the level between 0 and 1 and there is an increase when the corresponding response level becomes more desirable. The desirability functions based upon the initial shape, bound, and target are generated for all responses ( Figure 5 ). The associated levels for all DFA transformation and IDFM parameters are given in Tables 8 and 9 , respectively. The optimal solution, the IDFM 1 of ( 1 , 2 , 3 , and 4 ) at (40, 33, 8.0, and 8.0) or 8 , was solved via the optimisation model. From 8 and its neighbourhood design points, the corresponding desirability function levels of 1 (̂1), 2 (̂2), 3 (̂3), and were 1.0000, 0.8842, 0.7615, and 0.8762, respectively. The associated result of̂1 was considered satisfactory, but the estimated actual responses of̂2 and̂3 were not. Thus, the sequential procedures of the IMSM were continued by forming the new simplex.
With the basic simplex rules each vertex with the best response from all three possible deign points was accumulated to form the new simplex. The reflected rule was then applied to calculate the new vertex ( 9 ) including its neighbourhood design points from the HSA ( 9HSA ) and the FA ( 9FA ) design points. The resulting response was 0.7277. This result indicated that the including its neighbourhood design points from the HSA ( 10HSA ) and the FA ( 10FA ) formed the new simplex. However, the response deteriorated and there was a use of the second interactive desirability function model (IDFM 2 ). After team brainstorming the decision maker decided to adjust the parameter bounds as appeared in Table 9 . The optimal solution, the IDFM 2 of ( 1 , 2 , 3 , and 4 ) at (37, 40, 7.0, and 5.0) or 11 , was solved via the optimisation model. From 11 and its neighbourhood design points, the corresponding desirability function levels of 1 (̂1), 2 (̂2), 3 (̂3), and were 1.0000, 1.0000, 0.7652, and 0.9146, respectively.
The procedures were repeated to achieve the new reflected vertex of 12 , but the outcome was not preferable. The positive contraction process to the reflected vertex or ( 13 ) was then carried out. However, the response was not satisfactory and there was a use of the third interactive desirability function model (IDFM 3 ) with the new levels of power coefficients as shown in Table 9 and Figure 6 . The optimal solution, the IDFM 3 of ( 1 , 2 , 3 , and 4 ) at (30, 40, 8.0, and 5.0) or 14 , was solved via the optimisation model. From 11 and its neighbourhood design points, the corresponding desirability function levels of 1 (̂1), 2 (̂2), 3 (̂3), and were 0.9958, 1.0000, 0.8924, and 0.9572, respectively. From Table 6 , it was shown that the numerical results on the 4th cycle repeated at the negative contraction process to the worst vertex or ( 16 ) after realizing that the ( 15 ) led to the worse response when compared. There was then a use of the fourth interactive desirability function model (IDFM 4 ) with the shape parameters of (PT1 1 , PT2 1 , PT1 2 , PT2 2 , PT1 3 , and PT2 Figure 7 . The optimal solution, the IDFM 4 of ( 1 , 2 , 3 , and 4 ) was at (33, 35, 9.0, and 5.0) and the corresponding desirability function levels of 1 (̂1), 2 (̂2), 3 (̂3), and were 0.9853, 1.0000, 0.9435, and 0.9734, respectively. Within smaller number of cycles of the numerical results on the SLP the IMSM successfully found a satisfactory outcome of the response by adjusting shape parameters.
A confirmation technique via ANOVA is carried out to analyse experimental data in which the actual responses are evaluated under the current operating condition and the new design point from the IMSM. It can also be seen that these experimental results on all scenario were statistically significant with 95% confidence interval with value of 0.000. The numerical results suggested that the new one provided the better performance in terms of the statistical significance of value for all responses throughout. The desired or major quality characteristics on both process and customer specifications are improved and expressed in terms of sample mean, sample standard deviation, and process performance index as shown in Table 10 . With this combination of process parameters it leads to the successfully controlled surface quality characteristics of the work piece surface in contact with the disk with high manufacturing efficiency. The scenario of the higher levels of the process parameters of lapping speed ( 2 ) and downward pressure ( 3 ) indicates that there is constant and stable applied force on the specimen. Consequently, the minor surface quality measurement based on the flatness and the roughness is also improved as shown in Figures 8 and 9 , respectively.
Summary and Conclusion
With the higher levels of demand of disk clamps in ultraprecision mechanical components, the surface lapping process needs to focus its major performances to meet process and customer satisfactions. This process intends to introduce a finely ground flat on disk clamps and removes material from difficult to optimise this process due to multiple responses to be considered and they consist of the material removal, lap width, and clamp force. Therefore, the optimisation of the surface lapping process or SPL is challenge to the existing ultraprecision technologies. With the multiple optimisation all interesting responses are considered in order to achieve their targets. The desirability function approach in the case of the-nominal-the-best with various shape parameters was applied to compromise those actual responses in terms of the compromise desirability function level or response. The sequential modified simplex method then merges with the interactive desirability function model (IDFM) instead of the massive contraction and it is called the interactive modified simplex method (IMSM).
The IMSM is used to optimise online the parameter levels of the SLP in order to simultaneously optimise all actual responses or maximise the response. An additional contribution of this study was the development of artificial intelligence mechanisms of the harmony search and firefly algorithms on all vertices of the simplex design points to search the possible better outcome. An aim is to avoid getting the unsatisfactory responses to continue the sequential procedures of the conventional MSM such as the reflection, the contraction to the reflected, or the worst vertex. To evaluate the performance of the IMSM, numerical experiments on the SLP were presented within four cycles. From the DM and his team, there were bound adjustment, tightening, and relaxation modes based on the shape, bound, and target of the IDFM for the IMSM. The experimental results showed that according to the highest level of the response of 0.9734, the preferable levels of process parameters of lapping time, lapping speed, downward pressure, and charging pressure from the fourth cycle of the IDFM were 33, 35, 9.0, and 5.0, respectively. As expected, there is a level decrease of process parameters of the lapping time and charging pressure in the course of the IMSM evolution. Indeed the IMSM provides the lower levels of the lapping time, higher levels of lapping speed, and slightly higher levels of downward pressure in order to compromise all the responses by decreasing the material removal and increasing the lap width and clamp force. The second reason is that these levels have an additional influence on the better surface quality. Lower levels of charging pressure are necessary to avoid the material removal drifting. The material removal can meet the process specification with the levels of mean, standard deviation, and Ppk at 0.760, 0.097, and 2.01, respectively. This operating condition achieved the proper levels of the lap width dimension with the levels of mean, standard deviation, and Ppk at 0.635, 0.035, and 1.41, respectively, and clamp force with the levels of mean, standard deviation, and Ppk at 27.28, 0.465, and 1.58, respectively, when compared to the customer specification. These experimental results allow us to conclude that the interactive modified simplex method with desirability function and artificial intelligence mechanisms is a suitable method for online optimisation in the surface lapping process. It may be easily applied to drive other related processes toward the optimal operating conditions.
In conjunction with the modified simplex method the interactive desirability function model (IDFM) allows the decision maker and his team to apply whenever there is deterioration in the composite desirability function level or response instead of the conventional massive contraction. They could also adjust any desirability function parameters such as the shape, bound, and target in the preference articulation process (Jeong and Kim, 2009 ). The IDFM can be effective in providing alternatives of compromise design points that is faithful to the preference structure. Moreover, metaheuristic mechanisms of the harmony search and firefly algorithms are also adapted to this interactive modified simplex method before forming the simplex. Other applications of the optimised parameter levels or other classes of artificial intelligence techniques to the IMSM are left for future study. Although the proposed modified simplex method can provide the enhancement during the multiple response surface optimisation, it could be expected that the fruitful results will be obtained by combining another family of sequential procedures based on the simplex designs in forms of new evolutionary methods.
